Localization in indoor spaces has to rely on sensing devices (e.g., Radio Frequency Identi cation (RFID) readers, WiFi routers, bluetooth beacons) rather than GPS devices. On the other side, we could build a smart indoor environment that facilitates all types of spatial services with various sensing devices. In this paper, we focus on the topic of spatial navigation.
INTRODUCTION
People spend most of their time in indoor spaces. Indoor spaces are growing larger and more complex (e.g., multi-functional shopping malls, NYC subways, etc.).
erefore, users will be likely to use spatial navigation mobile apps to nd friends or Points Of Interest (POI) in indoor places. However, existing spatial query solutions Permission to make digital or hard copies of all or part of this work for personal or classroom use is granted without fee provided that copies are not made or distributed for pro t or commercial advantage and that copies bear this notice and the full citation on the rst page. Copyrights for components of this work owned by others than ACM must be honored. Abstracting with credit is permi ed. To copy otherwise, or republish, to post on servers or to redistribute to lists, requires prior speci c permission and/or a fee. Request permissions from permissions@acm.org. e uses of sensing devices have expanded beyond traditional elds and made indoor localization possible. Take RFID technologies as an example. When a tag is in the detection range of a reader, the reader recognizes the tag and generates a reading record. Several types of deviations can be observed from sensor devices, such as sensitivity errors, bias, noise and so on. As a result, the raw data generated by sensing devices can not be used for localization directly. erefore, we use Bayesian inference based ltering methods, such as particle lters [3] , to accurately calculate the position of a tag.
In outdoor spaces, we only have GPS signal. On the contrary, we could utilize all types of sensing devices in indoor spaces. Most of the times, mobile user localization is achieved by WiFi routers. merchandise, equipments, and packages are tracked by RFID tags. We could deploy heterogeneous devices that connect intermi ently to one network in the entire building. More speci cally, in our research, we focus on improving users's experience by establishing smart indoor navigation. We build a user-speci c indoor behavior model for each user at the rst place. To achieve that, we use Recurrent Neural Network (RNN) to train and memorize users' historical behavior. RNN is adopted in our system for the following two reasons: 1) e strategy of RNN mimics human's real behavior. Each neuron of the neural network represents a portion of human memory; 2) e loops around hidden layers make RNN suitable for time series prediction. Each loop will pass the information from current step to the next step.
We will also compare RNN with other classic machine learning models, such as Hidden Markov Model and Gaussian Mixture Model.
APPROACH AND UNIQUENESS 2.1 Recurrent Neural Network Behavior Model
A strict feedforward architecture does not maintain memory. Any memory e ects are due to the way past inputs are re-presented to IoTDI '17, April 18-21, Pi sburgh, PA, USA Wenlu Wang and Wei-Shinn Ku 
retrieve the probability of each path from BM 7.
add the path segment with the highest possibility to PATH 8. else 9.
add path segment to PATH 10.
end if 11.
feed chosen path segment into BM 12. end for 13. return PATH the network [1] . As shown in Figure 1(a) , a recurrent network has activation feedback enables short-term memory. Figure 1(b) shows a time expansion of RNN. A state layer is updated not only with the external input but also with activation from the previous forward propagation.
Figure 2(a) shows the real implementation of our RNN approach. We use RNN to memorize each user's previous behavior.
System Design
Indoor facilities always have organized structures. A navigation query will possibly return several shortest paths. Take Figure 2 (b) for example, same source and destination might result three shortest paths. In order to select the user's favorite path, we propose to utilize the RNN-based behavior model. We aim to choose the path that ts the model with the highest probability.
RNN-based Behavior Model In Algorithm 1, we explain how to select the best path that ts the user's usual behavior. For each user, we pre-train a Behavior Model with RNN. As the nature of RNN, Behavior Model will be able to predict the probability for all possible choices.
Starting from the user's current location, our system is able to provide dynamic indoor navigation. As we can see from Line 4-12. At each path junction, we are trying to overlap the shortest path with the user's usual behavior (memory). If there is only one shortest path at current path junction, we will add the shortest path to maintain shortest distance. More importantly, we will feed previous path segments into BM to update the model simultaneously.
Recommendation Since our system is a dynamic system with segment-by-segment navigation, it is easy to integrate with the recommendation system. With the development of sensing devices, people are able to acquire real-time sensor signals. Take RFID as an example, most merchandise in super market and shopping malls are a ached with RFID tags for stock check. If we deploy enough readers, we will know the movements of the merchandise, and which items le shelves. We could further deduct the shopper's preference and make recommendations along the shopping path. In general, with the development of Internet-of-ings, any system should be able to handle heterogeneous sensing signals, and couple with other systems easily. Our system not only provides smart navigation by memorizing historical data, but also enjoys utilizing di erent sensing devices.
Uniqueness
While other researchers have made use of indoor sensing devices like RFID and WiFi, to the best of our knowledge there is no previous work that achieves smart indoor navigation. In addition, previous works pay more a ention to static queries, while our work focuses on dynamic queries to support IoT se ings.
PRELIMINARY EXPERIMENTS AND FUTURE WORK
In our preliminary experiments, we test on the se ing of an indoor environment with RFID technologies. A number of RFID readers are deployed. Each merchandise is a ached with an RFID tag, which can be recognized by any reader when the tag passes the reader's detection range. We carry out preliminary experimental evaluations using the data generated by real-world parameters, and compare the results with other symbolic model-based solutions [2] . We test the e ect of particle lters and the Kalman lter with various parameters (e.g. query window size, number of particles, number of moving objects, activation range, continuous query, etc.). We use PF, KF, and SM to represent the curves of the particle lter-based method, Kalman lter-based method, and symbolic model-based method, respectively. Due to limitations of space, we only show 1) the Kullback-Leibler (KL) divergence of range query; 2) hit rate of kNN query by varying the number of moving objects. Figure 3 demonstrates both ltering methods have be er scalability than the symbolic model based solution.
Our preliminary results show that particle lters and the Kalman lter are e cient and accurate enough to be utilized in our system.
